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Abstract

In the realm of industrial engineering and management, production forecasting is a pivotal topic that profoundly
influences productivity and the optimization of production processes. By developing a precise prediction model,
companies can significantly enhance production planning, control production, minimize stoppages, optimize
inventories, and boost machinery productivity. This study delves into the production processes of the SAIPA
Automotive Group and proposes an accurate prediction model. Using statistical time series forecast models, including
the Box-Jenkins method and the Rolling forecast approach, the study reveals that these models, particularly the Auto
Regressive Integrated Moving Average eXogenous (ARIMAX) model, excel at daily production prediction.
Conversely, the Auto Regressive Integrated Moving Average (ARIMA) and Autoregressive (AR) models demonstrate
superior efficiency in trend-based production prediction. Additionally, the Seasonal Auto Regressive Integrated
Moving Average (SARIMA) and Seasonal Auto Regressive Integrated Moving Average eXogenous (SARIMAX)
models performed worse. The application of time series tools and the rolling forecast approach has also led to a

notable reduction in model errors.

Keywords: Production forecasting, Time series models, Box-Jenkins, Rolling forecasting.

1| Introduction

In today's highly competitive global markets, timely and cost-effective production is increasingly important.
It requires the collaborative efforts of many stakeholders to develop effective strategies for supply chain
management, production planning and scheduling, and the control and allocation of equipment and labor [1].
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Production planning is a managerial process that involves designing and planning an organization's
production activities to optimize the use of available resources and ensure the efficient production of high-
quality products and services [2].

In industrial engineering and management, production forecasting is a critical topic in production planning,
significantly impacting productivity and the optimization of production processes. By developing an accurate
forecasting model, companies can enhance production planning and control, reduce production time,

minimize stoppages, optimize inventories, and increase machinery productivity [3], [4].

All forecasting tasks must address issues such as what to forecast, the forecasting method, the level of
aggregation, the data used, and the forecast accuracy. Forecasting can be at various levels of aggregation,
ranging from fully aggregated to semi-aggregated or fully disaggregated forecasts for short- and long-term
periods. The data used in forecasting can be based on historical production, sales, arrivals, or reservations.
Additionally, forecasts should be adjusted for specific events, such as holidays and special occasions [5].

In the SAIPA Automotive Group, six companies, Saipa, Pars Khodro, Saipa Citroén, Bonro, Zamyad, and
Saipa Diesel, engage in the daily production of various car models. As with any manufacturing unit, the SAIPA
Automotive Group has established a Master Production Schedule (MPS) from the outset of operations, taking
into account available capacity for machinery and equipment, labor hours, raw materials, market demand, and
other factors. This MPS is then used to formulate monthly and weekly plans, with the weekly production plan
detailing daily production targets.

However, in practice, production often deviates from the planned schedule, underscoring the necessity for
accurate production forecasting to aid decision-makers and managers. This research aims to examine
production in the SAIPA Automotive Group and to present an accurate production forecasting model. To
this end, statistical time-series forecasting models, including the Box-Jenkins method and the Rolling

forecasting approach, have been used to forecast production for the six car manufacturing companies within
the SAIPA Automotive Group.

This paper is organized as follows: Section 2 reviews the related literature. Section 3 describes the research
methodology, including the methods used for data collection and preprocessing, implementation of
forecasting models, model evaluation, and the results obtained. Section 4 presents the discussion and
conclusions of the research.

2| Literature Review

Time series forecasting models use historical data to predict future values. These models include univariate
linear or nonlinear time series models and multivariate linear and nonlinear time series models. Table 1 briefly
reviews the literature that has employed time-series forecasting models. Based on the studied articles, among
the Box-Jenkins models, the Auto Regressive Integrated Moving Average (ARIMA) model has been most
frequently used for forecasting, which is certainly related to the dataset's characteristics. Additionally, in recent
years, hybrid models that combine several time series models have become more prevalent.



Production forecasting in the automotive industry: Petformance analysis of time...

184

Table 1. Examples of research on solving forecasting problems using time series models.

Reference

Description And Application

Solution Method

Data Characteristics

1 Singh and Mishra

(0]
2 Ghomi and
Forghani [7]

3 Nietal [8]

4 Milenkovic et al.

91
5  Chen etal. [10]

6 Suand Ye [11]

7 Ghauri etal. [12]

8  Guleryuz [13]

9  Hadwan et al.
[14]

10 Yasmin and
Moniruzzaman

[15]

Retail price forecasting

Forecasting the expected number
of passengers using two
techniques, Box-Jenkins and
artificial neural networks. The
superior performance of Box-
Jenkins models is demonstrated.

Forecasting metro passenger flow.

A parametric and convex
optimization approach, called
Optimization and Prediction with
Combined Loss Function (OPL),
is proposed to combine SARIMA
models jointly.

Forecasting passenger flow

Forecasting public transportation
(bus) travel demand

Forecasting public transportation
(bus) travel demand

Evaluating two econometric
models for forecasting imports
and exports for the Fiscal Year
(FY) 2020

Forecasting disease spread.
Among box-Jenkins models,
ARIMA, ETS, and RNN-LSTM
are employed. ARIMA, with the
lowest AIC values, is selected as
the best model for the total

number of cases, total case growth

rate, number of new cases, total
deaths, total death growth rate,
and number of new deaths.

Forecasting the expected number
of cancer patients

Forecasting agricultural area,
production, and yield in
Bangladesh

Box—Jenkins

Box—Jenkins and ANN

SARIMA + OPL

ARIMA and SARIMA
ARMA and ARIMA
ARMA and ARIMAX

Box—Jenkins

Box—Jenkins, ETS, and
RNN-LSTM

ARIMA and BPNN

Box—Jenkins

Univariate (with
exogenous variable)
Univariate (with
exogenous variable)

Univariate (with
exogenous variable)

Univariate
Univariate

Univatiate (with
exogenous variable)
Univatiate(with
exogenous variable)

Univariate (with
exogenous variable)

Multivariate (with
exogenous variable)

Univariate (with
exogenous variable)

The time series models used in this research are briefly introduced below.

2.1| Autoregressive

The Autoregressive (AR) model is a linear model that describes the relationship between a time seties's

previous values and its current value. In this model, the current value of the time series is modeled as a linear

combination of its previous (p) values and a random variable with mean zero (usually noise or error). The
formula for the AR(p) model is as follows:

Xi = Z?=1 @iXi—j +& +C

M

Here: X, represents the current value of the time series. c is a constant. @; are the model parameters that

indicate the dependency of previous values on the current value. & is a random variable with a mean of zero,

representing noise.
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2.2|Moving Average

The Moving Average (MA) is one of the primary models in time series analysis used for modeling and
forecasting time series data. This model averages the values of sequential noise or errors in the time series. In
an MA (q) model, the current value of the time series is modeled as a linear combination of the previous (q)
values of noise or errors and a random variable with a mean of zero. The formula for the MA (q) model is as
follows:

Xe=p+g +018_ 1+ +0gg_q=n+ YL, Bie i+ g 2)

Here: X, represents the current value of the time series. fLis the mean of the time series. & is a random variable
with a mean of zero, representing the noise or error of the model. 8; are parameters indicate the dependency

of previous noise or error values on the current value.
2.3 | Auto Regressive Integrated Moving Average

The Auto Regressive Integrated Moving Average (ARIMA) model is a linear model composed of two main
components: the AR and MA models. In this model, the relationship between the previous values of the time
series and the MA of the sequential noise or errors is modeled. The ARIMA model is an extension of the
ARMA model, incorporating three main elements: AR, MA, and I (integration). This model is used for
modeling and forecasting non-stationary time series and provides more accurate predictions by fitting
parameters to real data. The formula for this model is equivalent to the following expression:

Xe=¢g + Z?:l @iXei + Z?:l 0i€c—i 3
2.4|Seasonal Auto Regressive Integrated Moving Average

The Seasonal Auto Regressive Integrated Moving Average (SARIMA) model is an extension of the ARIMA
model used for modeling time series with seasonal patterns. This model uses AR, MA, I (integration), and

seasonal AR and MA components to model and forecast time series with seasonal patterns.
2.5| Auto Regressive Integrated Moving Average eXogenous

The Auto Regressive Integrated Moving Average eXogenous (ARIMAX) model is an extension of the
ARIMA model that incorporates external or exogenous variables for time series modeling. This model allows
for the modeling of the effect of external variables on the time seties.

2.6 | Seasonal Auto Regressive Integrated Moving Average eXogenous

The Seasonal Auto Regressive Integrated Moving Average eXogenous (SARIMAX) model is an extension of
the SARIMA model that incorporates exogenous variables to model seasonal patterns in time series. This
model uses AR, MA, and I components, seasonal AR and MA components, and external variables to model
time series with seasonal patterns and external-variable influences.

2.7| Model Performance Evaluation Criteria

To evaluate model performance and select the best model, evaluation criteria from the time series literature,
including Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Log-Likelihood
(LLF), have been used. AIC and BIC are criteria for evaluating the quality of a statistical model. These criteria
compare the model's simplicity with the accuracy of its predictions. Lower AIC and BIC values indicate a
better, simpler model. LLF is the logarithm of the likelihood function, which indicates how well the model
fits the data. Higher LLF values indicate a better fit of the model to the data. In addition to the AIC, BIC,
and LLF performance evaluation criteria used in statistical models, this study uses Mean Absolute Error
(MAE) which is the average absolute error between predicted and actual values; Mean Squared Error (MSE)
which is the average squared error between predicted and actual values; Root Mean Squared Error (RMSE)
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which is the square root of the average squared error between predicted and actual values; and R-squared
which shows the ratio of the MSE to the mean squared actual values, to evaluate the prediction models.

3| Research Methodology

The Box-Jenkins method is a well-known approach to time series analysis and forecasting, used to model and
predict time series data. In this study, the Box-Jenkins method is employed to implement time series models.
This method first fits an ARIMA model to the time series under investigation and then provides better
predictions by estimating the model parameters from the actual data. The research method is shown in Fig.
1. The main steps of the Box-Jenkins method are as follows:

Data understanding

In this step, the time series under investigation is analyzed to identify various structures such as stationarity,
trend changes, seasonal patterns, and random values. In this study, after data cleaning, additive models and
exponential smoothing are used to plot decomposed time series charts to identify trends and seasonal
patterns. Additionally, to examine the stationarity of the time seties and determine the appropriate time lag,
the Dickey-Fuller statistical test, autocorrelation, and correlation coefficient plots are used.

Model implementation and parameter estimation

After understanding the dataset, ARIMA model parameters p, d, and q are calculated using methods such as
autocorrelation functions, statistical tests, or the auto-ARIMA model. In this study, the initial parameters of
the time series models are determined by implementing and running the auto-ARIMA model. Auto-ARIMA
is a model that uses grey search and local optimization methods to find the best combination of
hyperparameters for univariate time series models. This method searches for the best time series model that
fits the data within the specified range of hyperparameter values, and reports the best model. Given the use
of local optimization and top-down search concepts, the auto-ARIMA model may also identify simpler
models with fewer coefficients than the reported model for the time series data. Therefore, the upper bound
of the ARIMA model coefficients is determined using this model, and then models with smaller coefficients
are implemented and executed.

Model validation and evaluation

Time series forecasting models are created using the estimated parameters. In this study, all time series models,
including AR, MA, ARMA, ARIMA, SARIMA, ARIMAX, and SARIMAX, are implemented and evaluated
over the hyperparameter range. To validate and evaluate the model, residual correlation tests and normality
checks of the error distribution are performed using correlation and Q-Q plots of the model errors.

Selecting the best model

At this stage, after fine-tuning the hyperparameters, the best models are identified based on evaluation criteria,
including AIC, BIC, LLF, MSE, RMSE, and MAE.

Forecasting and conclusion

Using the final time-series model, future time-seties predictions are provided, and the model's validity is
assessed. In this study, to examine the best model's results and improve its accuracy, a rolling (moving)
forecast approach is used.

3.1| Data Understanding

The data used in this study includes the daily production statistics of companies in the SAIPA automotive
group, encompassing daily production characteristics, annual production plans, and weekly production plans
for Saipa, Pars Khodro, Saipa Citroén, Bonro, Zamyad, and Saipa Diesel from the beginning of 2023 to the
end of December 2024. Fig. 2 shows the production trend over time for the companies in the SAIPA
automotive group.
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Fig. 1. Research method structure.

By examining the covariance and correlation values shown in Fig. 3, contrary to expectations, there is no
strong positive correlation between the production plan and the production of SAIPA group companies,
especially at Zamyad and Saipa Diesel. It indicates that these companies have fallen short of their production
targets. Additionally, negative correlations between the production or production plans of one company and
another suggest a high likelihood of unfairness in the supply chain in some cases.
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Fig. 2. Production trend over time for SATPA automotive group companies.
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Fig. 3. Covariance values between production plan and production for SAIPA group companies.
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3.1.1| Data cleaning

Data cleaning is the process of identifying and handling errors, duplicates, and irrelevant data from a raw
dataset to prepare it for analysis. Generally, data cleaning involves three steps: 1) removing duplicate data, 2)
identifying and handling missing data, and 3) identifying and handling outliers. The operations performed to
clean the dataset used in this study are briefly explained below.

1. Identifying duplicate data: the dataset contains no duplicates.

II. Identifying and handling missing data: the missing data identified in the dataset pertains to holidays during
the specified time period when the factories were not in production. Given the time series nature of the
dataset, two scenarios are considered: 1) Missing values are replaced with zero due to factory closures. This
scenario preserves the information and knowledge within the data by recording the actual event in the dataset.
Still, it may complicate data patterns, potentially affecting the accuracy of predictive models, and 2) Missing
values are replaced with the production value of the nearest date after the holiday, based on the assumption
that no production occurs on holidays. This argument reduces data complexity and may increase the accuracy
of predictive models.

In this study, a combination of these two scenarios is used to handle missing values. During official national
holidays, missing values are set to 0. However, on days when one or more factories were closed for any reason,

these values are replaced with the next period's value in the time series.

III. Identifying and handling outliers: given that data collection was conducted with great care and reviewed
multiple times, no erroneous records are present in this dataset, and all records accurately reflect real events.
Therefore, outliers identified by statistical tests contain useful information about production trends in the
companies, and no action has been taken regarding these data in this study.

3.1.2 | Identifying seasonal patterns in time series

In the literature, the behavioral patterns or change models of a time series are divided into four components:
trend, cycle, season, and irregular variations or residuals. By plotting the time series against time, these
components can be distinguished, leading to a better understanding of the time series data. Identifying
seasonal patterns in time series data can be done using several different methods. In this study, additive
models, which consider the time series as the sum of three components: trend, seasonal patterns, and random
values, and the Local Regression (LOESS) method, which decomposes the time series into seasonal and trend
components using local smoothing, are used to discover and identify seasonal patterns. Fjg. 4 shows the trends
and patterns discovered in the daily production dataset of the Saipa company using additive models and

exponential smoothing.

According to the charts plotted by these models, the dataset does not exhibit a clear upward or downward
trend and shows a nearly sinusoidal behavior over time. Therefore, regarding seasonality, as indicated, the
data has been identified to have seasonal patterns. This pattern is particularly associated with additive charts
for weekend holidays. Irregular variations are changes caused by random and unpredictable factors. In
research, these values ate typically removed from the time series and treated as outliers. Still, in this study's

dataset, for the reasons previously mentioned, no action has been taken regarding these values.
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Fig. 4. Display of production trend, seasonal patterns, and residuals using the exponential
smoothing model (right) and additive model (left) for the Saipa company.

3.1.3 | Stationarity

Stationarity of a time series is a necessary condition for achieving reliable forecasts. There are several statistical
tests for examining the stationarity of time series data; the most popular is the Dickey-Fuller test. The Dickey-
Fuller test formula generally examines the presence of a unit root in a time series. This test can be performed
in various forms, but one of the most common forms, the basic Dickey-Fuller test model, is as follows:

Yi = a+Bt+pY_, + et “)

Y; is the value of the time series at time t, o is the intercept, B is the trend coefficient, o is the unit root
parameter, Yy_; is the previous value of the time series, and g, is the random error.

Test hypotheses: null hypothesis (p = 1) Hy the time series has a unit root and is non-stationary. Alternative
hypothesis: (p < 1) H; the time series is stationary and does not have a unit root. The Dickey-Fuller test
statistic is calculated as follows:

1-p"

FDA = VES )

where: p” is the estimated unit root parameter (using regression), and (p")ES is the standard error of the

estimate p”. In the augmented version, to control for autocorrelation, several lags are added to the model:

Yi= a+ Z?:l biYi—q + pYi—q1 + €t (6)
where p is the number of lags and ¢; are the coefficients corresponding to the lags?

By calculating the test statistic and comparing it with the critical values, the null hypothesis can be rejected or
accepted. If the test statistic is less than the critical value (more negative), the null hypothesis is rejected, and
we conclude that the time series is stationary. Table 2 shows the results of the Dickey-Fuller test. The results
of the Dickey-Fuller test indicate that all production data columns (except Saipa Diesel, which is marginally
significant at the 1% level) are stationary. It means that time-series models like Box-Jenkins can be used for
forecasting.

After examining the stationarity of the time series, the lag can be determined. The lag in a time series is the
time interval between observations over which meaningful relationships for predicting future values exist.
There are various methods for identifying lag in a time series. In this study, the Dickey-Fuller test and plotting
autocorrelation and partial autocorrelation charts have been used. Fig. 5 shows the autocorrelation and partial
autocorrelation values for the Saipa company.



Production forecasting in the automotive industry: Petformance analysis of time... 190
Table 2. Dickey-Fuller test results for examining dataset stationarity.
Company Dickey-Fuller Test Statistic P-Value Critical Region Time Lag
Saipa -5.5858 1.36E-06  {'1%" -3.4413, '5%" -2.86637, '10%": -2.56934} 3
Pars Khodro  -4.3346 0.000386  {'1%" -3.4412, '5%": -2.86636, '10%": -2.569337} 3
Saipa Citroén  -5.6880 8.19E-07  {'1%": -3.44133, '5%": -2.86638, '10%": -2.56935} 8
Bonro -4.3631 0.000344  {'1%": -3.44127, '5%": -2.86636, '10%'": -2.569337} 13
Zamyad -4.8148 5.09E-05  {'1%": -3.44127, '5%" -2.866306, '10%": -2.56933} 5
Saipa Diesel ~ -3.9388 0.001766  {'1%": -3.4413, '5%": -2.86637, '10%": -2.56934} 10
Lo ACF for production_saipa Lo PACF for production_saipa
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Fig. 5. Autocorrelation charts (with 10 significant time lags) and partial autocorrelation charts (with
15 significant time lags) for the Saipa Automotive Company.

3.2| Model Implementation and Parameter Estimation

For the implementation, training, parameter estimation, and performance evaluation of the predictive models,

the data is split into two sets: training (75%) and test (25%). Then, by implementing and running the auto-

ARIMA model, the initial parameter values for the time series models are determined. Using this model, the

upper bound of the ARIMA model coefficients is determined, so that only the performance of models with

smaller coefficients is examined.

The approach to model validation and evaluation, along with a detailed explanation of the process for

selecting the best predictive model, is provided. Tables 3-5 sequentially present the training and

implementation results of the model, using the Box-Jenkins method, for predicting the daily production of

six automotive group companies: single-target models without exogenous variables and single-target models

with exogenous variables (weekly plan).
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Table 3. Selected single-target time series models without exogenous variables for predicting

the SAIPA automotive group production.
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signa2 3.451e-80 3518.438 .87 G008 2.76e-8d
Ljung-Box (L1} (@: @63 Jerque-dera () 2.4
Pron(Q): 0.87  Pron(l8): (X
Heteroskedasticity (H): 1,87 Skew: .62
Prob{H) (two-sided) 8,70 Kurtosis 3.08
SARTMAX Results
Drp Variable: y Mo, Ohwvel Lons: [}
Hodel: SANTHAX(L, @, 8)  Log Likellhesd R
Date Mon, 86 Jan 2825 5158.227
Tine: 10:51:41  BIC 5162.405
Sanple: 84-01-2021  WQIC 5155837
- 8G-01-2024
Covarlance Type: opg
coet  sbd err i P z| [8.828 8.97%)
Intercept  141.5831 8.617 16.317 .m0 124,576 158,509
ar Ll 0.1964 8,050 3.009 a.000 0.897 8,295
sigma2 97200660 1441326 6,744 o000 6895118 1,256+04
Liung-Dex (L1) (Q}: B84 Jarque-Dera (00): 6.0
Prab(Q): 081 Prob(J0): 0.8
Hetereskedastielty (H): 17 Shew: 0.9
M

Prob(H) (iwo-sided): 8,00 Kurtosis:

MSE=84228.015

I
I m\
w M i [ el RMSE=290.220
“‘\' il "ﬂwﬁ K
\\! HfY l |

MAE=257.60

’ ‘{ \“ W'\‘er"w ll’ \”I"l“l. &

- MSE=45189.1578

‘ | “ RMSE=672.231

w L|| i

T‘W »:m% ’lu‘ ik

MAE=449.285

Il M w B

—  MSE= 24852.285

M
”“ P ﬁ‘m ‘V‘”.hp* RMSE=157.649
IH\I o | i il

‘ \\

/ Wl UL ﬂ MAE=116.2545

T MSE=15018.9059

i

!
I

' RMSE=122.5576

MAE=115.9825
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Table 3. Continued.

Company Coefficient Table Forecast Chart for Test Data Evaluation
Criteria Values
Zamyad o St MSE=7969.475
Dep. Variahle: y  No. Observations: am . {
Madel: SARTMAN(1, 0, 8) Log Likelibsod -2493. 113 ) \\\ :- ’M‘, . ‘ ‘ ‘ ‘ ’ ,‘ ul\’ '\J
Date: Man, 8 a0 2025 AIC 492,425 i | | _
Tine: w98 BIE 5004601 - -‘h“r"t ‘m‘ ‘l ‘ “.w “ “M” {/ “ RMSE=89.2719
Sanple: 24-03-201  WQIC 4997.14 ‘ " i ‘| ‘| ‘ ” H
- B-a3-2024 “ ‘ “ ‘ i
Covarlance Type: opg ) | ” ‘ MAE=79.6305
coet bl err i3 Pilz| [G as 8497 Sj ‘ .
intercept 116,818 IR AT ] Geeb LT MM ! ‘ - T
a1 8.2069 LKL 4103 0.0 8.0 2.0 i
slgned  GTITENY O EMTU B8 A SOTER BT
Ljung-Bex (L1) (Q): B.81  Jerque-Bera (10): L XY
ProbiQ): B.81  Frob(J8): (X'}
Heteroskedastielty (H): 178 Bhew: 8.0
Prob{H) (two-sided): 8.0 Kurtosls: ¥
Saipa SARTAAN Results ! m MSE=13.9650
diesel : Il RMSE=3.7369
D5, Varlible: v e, Ohservations: iR ) m \|‘ \l‘ MAE=2.4685
Madel! SARDWAX(R, 1, 8) Loy Likellhood 4311341 ”‘ ‘ Hl ‘ ‘ ‘
Bate: an, 86 2o 2008 AIC TN ' \ l ||\| ‘H\ |\|” i ‘
Tine: TR a7 | \‘ UI | \ H ‘ ‘l‘\‘”u i
Sangle: [TRIBIe 2666185 h' ! \i\ LU fil |‘1
* B 01-2004 5
Loverlance Type: g . v
coeF  itd et H Bl (6,825 9.975)
slgal 2090816 2.8 34966 0.0 .16 .50
Ljung-Bex (L1} (Q): 881 larque-Bera (06): 1582.95
prob{Q): 8.8 Probn) 8.0
Heleroskedasticlly (W): 805 Shew: g.al
Frob(H) {two-sloed): 88 Kurlosls: 1045
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predicting the SAIPA automotive group production.

Table 4. Selected single-target time series models with exogenous variables (ARIMAX) for

Company Coefficient Table

Forecast Chart for Test Data

Evaluation
Criteria Values

Saipa

Pars
khodro

SARIMAX Results

Dep. Variable production_saipa No. Observations: 228
Model ARIMA(4, 1, 5) Log Likelineod -2343.768
Date: Mon, ©6 Jan 2825 AIC 79,518
Tine: 18:17:21  BIC 4758.162
Sanple 84-a1-2821  HOTC 4727 164

- 26-91-2024
Covariance Type: o

coef

2 Bz [e.e25 8.975)

8.7848 B.812  67.725 B.808 8,761 6.887

Heek_Plan_saips
er 11 -g.182¢ 8.728  -8.141 £.883 1,538 1.325
ar.12 -8.4121 a.388 -1.3136 @.181 -1.816 8.132
ar.L3 -8.2046 a.538 -8.547 8.584 -1.358 8.761
ar.l8 8.2661 a.212 1,256 5.289 -8.149 6.681
ma.l1 -8.5283 8.727 -8.716 B.474 -1.845 8.984
ma.l2 8.1818 8.458 8.395 8.693 -8.716 1.878
mna.l3 -2.8543 8.433 -8.125 8.92@ -8.983 8.734
na.ld -8.6061 0.366  -1.655 5.898 1,324 8112
ma.ls 2.1714 8.264 8.648 8.517 -8.347 6.689
sigma2 3471.3854 186.531 17.663 6.628 3886.192 1856.578
Ljung-Box (11) (Q) 8.62  Jargue-Bera (38): 66.18
Prob(Q) 8.96  Prob(J8): 0.88
Heteroskedasticity (M) 1.15  Skew: -8.37
Prob(H) (two-sided): .41  Kurtosis: 4.78

SARIMAR Rasulls

Mo, Obsery

Dep. Varlable:  preductlon Pars Khoirs
Hodel
Date:
Tine
sanple

111
e.ms
b2

na.l2 0807

8.1 il 1882
signal BB 95T aTRTE
Ljung-Bax (L1} (Q): o )

P

t 624 Skiw 185
Brob{H) {iwe-sided): b.86  Kurtosis B.61

1'“[‘

m‘t

MSE=50939.139

RMSE=225.667

MAE=147.098

MSE=31094.542

RMSE=176.336

MAE=150.572
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Table 4. Continued.
Company Coefficient Table Forecast Chart for Test Data Evaluation
Criteria Values
Salpa D Varlabl t 4 \'w:w l:““lf:: 1 am | “’ : i \J]Jﬂ. MSE: 547'079
. » jap. Varishle roduction Cltross No. Ohesrvstlons I r
citroén Hoi: P RIAA(E, 5, 7y Log Llkel thase -TM4T ] |( | ‘ “ ’} lI M MJ\' W b,\{ B
Dale: Hon, 8¢ Jan 2828 AIC 2818148 “\‘ J ‘ H |“ \H ‘ ‘ ‘
Time: 2e:39:24  BIC 4638.488 | f—
h::]— Sd-di-HN HOTE 4633.762 ‘ ‘ "J 'b ‘ RMSE_97'709
- B-@l-T024 ‘ v
Covarlance Typa: oog vt t ’ I ' ’
web  std eee : [ [8.835 0,975] 5| il ! MAE=61.217
\-Jl;i.ll_ﬂlm_(]lrmn 0.782% I.Dll" 7602 P ;-;;l I.Il.r; -
arl LR LA 1 1,598 8111 0,148 1,440
ar.L2 RN P 8185 807 8,987 -85 am
ma.ll -1.1051 2.4 -21.847 @ -1.006 2. 404
ma.L2 0.2808 am o.088 8401 -B.471 a.o7e
slgmai 20006763 n2.659 24,500 0.0 2579.869 011,484
LJung-tax (11) (@) a0 T
Probig): L0 (X
Meleroskedasticlly (H): 0.74 2.7
Brab{H) {twsesided) 07 33
Bonro SARIPAX Results T \"“‘[‘]"L | TN \ H MSE=5848.7371
h
Dep. Varizble! production_Bonro Mo, Observations: 4 L “ | ‘n I\ ’w |) | ‘ RMSE=76.4770
Model: ARTMA(L, B, @) Log Llkellhood -1186.123 o | _
e o, 843 202 P 1L “‘ ] ‘ \ ‘ MAE=49.706
Tine: e BIC 4236862 1
Sangle: RN HRIE .05 ‘ l
- B-93-2824 - | u
Covarlance Type: apy PR 7 O S
et std enr o ml (eas e
const 5.0132 6.791 @7l .45 -0.278
Wewk_Plan_lanro @07 a.an 15,860 8000 2.7
arld 009 06N W42 BB 028 83T
signl LG 42088 26060 G000 1019047 1184189
Ljung-tiox (L1) (Q): 0.2¢  Jargue-Bera (30): 2168.51
PBrab(@): B.60 Prob(d0): (R
Heteroskedasticity (H): 8.29  SheW! 3
Prob{H) {two-sided): 0,00 Kurtosis! 3.5
Zamyad SARTMAX Resulls i MSE= 4749.805
— S i
jep. Varizble: production Zaniad  Ne. Observations: 18 . ,J,\l ! \1 RN,
Mogel: ARIM(1, 8, 8) Lo Likeliheod 218,019 [ (IRIE
Date: Men, 8 len 2025 AIC 1404530 .} ( RMSE=68.9188
Tine: WS BIC 4461675 v |
sanple: -01-2001 HQIC a5L.25 ‘
- 86-03-2024 .
Covarlance Type: g MAE=48.5793
coef  std err H 21| [8.825 8.975)
const nems 6% 1N e &7 1.8
Neet Plan Zamlad 0686 0.8 39552 0.880 869 BT
arld 06855 0.3 1963 6.0 055 0.6
sipl 18584529 BLBET 7B Q.60 1697.95 2918999
Ljung-Box [Ll) {QJ 6.41 ]arque -Bera (Js): 17153
Prabi(Q): 0.61  Prov(8): 0.60
Weteroskedasticity (H): 155 Sk 0.1
Prb(H) (tuc-sided) 0.60 Kurtosis: 611
Saipa SARTHA Results o remmmmmm—— MSE=10.6592
diesel Dep. Verlable:  production Diesel No, Dbservations m
Hodel: ARIMA(E, 1, 8)  Log Likelihoo 1306642 ; ﬂ
Date: Mon, 8 Jan 2825 AIC 2617.285 3 ‘ | _‘ "l RMSE=3.2648
Tine: WA BIC 2625308 7L \f _
Sample: 01820 HIC 5248 ‘J Fﬂ (’—\‘.\‘ \U\ ‘ﬂ\ 7‘\ MAE=1.9755
- 86832824 | ’ | 0l
Covarlance Typ o '_ﬂ = : ”'_ \ ' "‘J' =S
coef  std err H P)\z| [0.805 8.975)
Neek Plan Diesel 8414 08N 2919 .80 0B
sigead WEKE 0T WA
Ljung-Box (L1) (0): 0.5 Targue-Bera (J8): 180,68
Frob(Q): 862 Prb(38): 0.8
Heteraskedastielty (H): 012 Shew: a4
Prob(H) (tug-sided): 060

Kurtasis:

14
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Table 5. Selected single-target time series models with exogenous variables (SARIMAX) for predicting

the SAIPA automotive group production.

Company Coefficient Table

Evaluation
Criteria Values

Forecast Chart for Test Data

Saipa

Pars
khodro

Saipa
citroén

Bonro

SARTMAX Results

MSE=53531.336

Dep. Varisble: predection_salpa  Ne. Observations s
model SARTMAX(S, 1, 5)x(4, 1, 5, 15) Leg Likelirood -n13.877
Date: Mon, 96 Jan 2025  ATC 2667.958
Time: 4748.375

7666 2.608 2.298 2.769
3.2 8.013 #.990
2628 3.241 8.0%0 @.960
8436 3811 -8.280 8.779
7360 3040 -8.242 @809
sigmal 5

:?3"'?99?***5‘5‘

2497 2.8eess e.182 ©.856

2699762

RMSE=231.368

MAE=152.981

Ljung-Box (L1) (Q): 1.8

1.55  Jarque-Bera (38):
Prob(Q) e.00  Pron(ds
Weteroskedssticity (W): 1.86  Skew

Prob(H) (two-sided): 8.73  Kurtosis

SARTMAX Results

The sctal alue s he e e by e recel il

MSE=11833.48

Dep. Varlable: production_Pars_Khodro  No. Observations:
Model: SARTMAX(3, 1, 1)x(3, 1, 3, 15)  Log Likelihood
Date: Nen, 8 lan 2005 AIC
Tine 17:40:11  BIC
Sample: Be-20-2023  WIC

- 86-21-2024
Covariance Type: opg

H, «1“

RMSE=108.782

|

en w )

MAE=69.5627

-5.556
-16.854
-6.632
699,508

-0.122 0.503
na.5. L4 @.8651 3.826 e .82
sigeal 63,1923 1828.130 32 LX)
3 ) @ 0.22 Jangue-Bera (38)
Prob(Q): 0.6¢  Prob(JB):
Meteroskedasticity (W): 8.26  Skew
Prob(H) (twe-sided): 8.00  Kurtosis:

SARIMAX Results

T actsa vl e ol et by the model 0A

MSE=5351.3364

Dep. Varizble production_Citroen  No. Observatio 48 =
Hade1 SARTMAN(2, 1, 2)u(2, 1, 2, 15)  Log Likelihood -1248.004
Date Men, 86 Jan 2025 AIC 516,009
Tine 0:45:8  BIC 556,219 -
Sample: 84-83-2023  MWQIC 4531.914
- 96-21-2824

Covariance Type: opg Jo

coef  std err z Pylz| [8.025 8.975) ! RMSE:231368
Week_Plan_Citroen 8.7955 a.e11 78.503 8.008 8.773 8818
ar.1l o018 e 44m a8 8.479 1.143
ar.12 -6.8968  e4n 0787 el 8.3 144
ma.l1 -1.482¢ e.ns -6.893 9.eee -1.901 -1.e59
ma.l2 8.4025 @.206 2.393 a.e17 8.089 2.896
ar.5.115 8.5038 3.198 8.158 8.875 -5.764 6.772
2r.5.138 -o.0181 @498 -0.851  6.9% -8.398 0377 o = e F™ = —
62.5.115 -1.3987 EICT I e S W 1.7 4933 - MAE=152.9816
#2.5.138 8.4241 EXTH 0.133 .88 -5.544 6.392
sigma2 2931.8657 224.755 11845

Ljung-Box (11) (Q) 9.68  lerque-Bera (1
Prob(Q): 0.78  Prob(18):
Hetereskedasticity (H): 8.75  Skew

Prob(H) (two-sided) 8.09

kurtesis:

SARTMAX Results

byt made snstn

MSE=5921.850

, —
Dep. Varlable: production Bonro Mo, Observations: = “ ‘ ‘ ) A V
odel SIINAK{L, &, B)x(1, 8, 8, 15) Log Likelihood 27197 I
Date: Won, B6 Tan 325 ATC .
Tine: wisa mc .63 L = e
Sanle B-E3-12 WIC .57 ‘ ‘
- p6-a3-1 [ —
o ‘ l \ ‘| \ RMSE=76.953
ot std err i ol [ees ean)
Meet PlanBore B RO TRER  00M QB 049
a1l o.um neR 1464 0.6 0.8 .71 MAE=49.4894
a5 oETS  BS G4 BEW -ne9 0.5
signal LB 4L KW 0.8 LILe6 11915

Ljung-Box (11) (Q): 8.25 Tarque-Bers (78):
Prob{Q): 858 Prob(18):
Heteroskedasticity (H): 8.28  Skew:

Kurtosis:

Prab(H) (two-sided): .00
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Table 5. Continued.

Company Coefficient Table Forecast Chart for Test Data Evaluation
Criteria Values
SARTFAX Tesulls ) vee 208 e s predcted vy e racde APNA
Zamyad " MSE= 425.470
Dep. Variable: roduction Zemiad  No. Observations: s |
Model SARTMAX(1, 8, @)x(1, @, 5 Log Likelihood 3 il
Date Men, 86 AzC ‘ |
Tine f3d 1
Sample: HQIC | ]‘ il
{ —
U R RMSE= 3.6577
coef std err P 2| | | [ |
8.7142 B.e14 8.800
e.6s  o.em 5,000 _
ar.5.115 -2.8123 8854 8.820 -8.118 8.894 MAE_Sl .297
sigma2 1914 4419 B5.515 8.888  1746.835  2882.049
Ljung-Box (L1) (Q): 12,31 Jarque-Bera (38): 198.66
Prob(Q): 8.88  Prob(1B) 0.08
Heteroskedasticity (M) 3.63  Skew: -8.11
Prob(H) (two-sided): 8.88  Kurtosis 6.33
: SARTMAX Results o =
Salpa MSE=150.50
1 Dep. Verlable production Diesel  No. Qbservations e
Diesel Hodel: SIRIMN(E, 1, 8)x(8, 1, 8, 15)  Log Likeliheod -1382.166
Bate Won, 86 Jan 2925 AIC 26830
Tine: PRI 6. nonnnn, | RMSE=12.2678
Sanple: 84-83-2023  HOIC L5 | (it arsv i
- gG-g1-224 1 1A
\ ] ALY
Covarlance Type: opg Uy I U v
e st e 1 Bl [ees 6.7 MAE=10.6670
Week Plan Dlesel Q.04 0.AM B 0.0 QA% 028
signal 43,8228 181 26.233 8.6e 44,435 51611
Lung-Bex (11) (Q): B.79 Jarque-Dera (J8): 15.12
Fro(Q) B37 Proa(E) B
Hetereskedasticity (H): B1E Stew: 815
8.88  Kurtosis 7.78

ProbiH) (tue-sided):

3.3| Model Validation and Evaluation

To validate the models and examine the normality of the residual distribution, a Q-Q plot (Fig. 6) has been
used. A Q-Q plot shows the quantiles of a distribution. To check the normality of the data using a Q-Q plot,
if the points lie approximately on a straight line, it indicates that the data are normally distributed. Deviation
from the straight line may indicate that the data distribution is not normal. By examining the plots, the error
distributions in all production data columns (except Saipa Diesel, which is weaker at the 1% level) appear
normal. Regarding Saipa Diesel's production, due to frequent holidays and almost no production variance,
the predictive model is equal to the company's constant average production, which has also affected the error
distribution. According to industry experts, this model has been accepted for predicting Saipa Diesel.
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Fig. 6. Q-Q Plots of residuals for predictive models in the SAIPA automotive group companies.

3.4| Selecting the Best Performing Model

To fully explain the process of selecting the best predictive model, the process for selecting the best-
performing model for the Saipa company is provided. Using the Box-Jenkins method and the auto-ARIMA
model, time series models have been trained on the dataset. The auto-ARIMA model reports the best
performing model based on BIC and AIC values. The best-performing model for predicting SAIPA's daily
production, based on the auto-ARIMA results, is the ARIMA (4,1,5) model, with evaluation criteria values of
AIC=5841.227, BIC=5881.795, MSE=84228.0155, RMSE=290.220, and MAE=257.60.

Then, the proposed model and models with smaller coefficients are implemented on the dataset, and the best
performing model is selected based on AIC, BIC, MAE, MSE, and RMSE criteria, as well as its simplicity. As
shown in Fig. 7 and Fig. 8§, models with smaller coefficients have been executed on the dataset, and the
evaluation criteria values for these models have been obtained. Compared to the proposed auto-ARIMA
model, the ARIMA (4,1,5) model still performs best at predicting the data. Additionally, the predictive model
with the exogenous variable (weekly plan) for each company was executed. The best-performing model for
predicting Saipa's daily production is the ARIMAX (4,1,5) model, with evaluation criteria values of
AIC=4709.518, BIC=4754.164, MSE=50939.139, RMSE=225.667, and MAE=147.098. Following this, the
SARIMAX (4,1,5) model, with evaluation criteria values of AIC=4667.954, BIC=4748.375, MSE=53531.330,
RMSE=231.368, and MAE=152.981, performs worse. This process has also been used to select the best-
performing model for other companies.

Auto_ARIMA (4,1,5) Medel Infornation: AIC=5841,22766423768, BIC=5881,795584369366, LLF=-2918.61383211854

AR (1,8,8) Model Information:
AR (2,0,8) Model Information:
AR (3,8,0) Model Information:
MA (8,8,1) Model Information:
HA (@,8,2) Model Information:
MA (8,8,3) Model Infermaticn:

AIC=5987.714385027808, BIC=5995.827873954265, LLF=-2951.857152963904
ATC=5961.032564027664, BIC-5971.20291606735, LLF=-2877.516282012832

ATC=5947.820274608006, BIC=5964.047410661521, LLF=-2969.918137384303
AIC=5870.586387574196, BIC=5878.609955600653, LLF=-2931,2031537870498
ATC=5870.10545642893, BIC5882.275884786155, LLF=-2932.052728219465
AIC-5868.648654231838, BIC-5884.8757902830525, LLF=-2918.324327115549

ARTMA (1,1,1) Model Infornation: AIC=5869.610984906441, BIC=5881.781336046127, LLF=-2931.8054924532287
ARIMA (2,1,2) Model Information: AIC-5869.610982006441, BIC-5881.781336046127, LLF=-2931.8854024502207
ARIMA (3,1,3) Model Informatlon: AIC=5869.610984006441, BIC-5881.781336946127, LLF=-2931,8054924532207

Fig. 7. Evaluation criteria values for AIC, BIC, and LLF.

Auto_ARIMA (£,1,5) validation _melrics:

r2= -@,49279136078162167 mse= BA228.81551677268 rmse= 209@.2206324794512 mae= 257.59889041424776
None

AR (1,0,8) validation_metrics:

r2= -1.355@8599844134354 nse= 132879.94164585962 rmse= 364.52701@8590852 mae= 331.9571€83%588821
None

AR (2,2,8) validation_metrics:

r2= -9.7628467483858967 mniex 90465.39561898885 rmsex 315.38134951036665 mae= 288.1231392875356
None

AR (3,0,8) validation_metrics:

r2= -8.76472@1688484549 mnse= 99569.97142521683 rmse= 315.5478985846912 mae= 288.1993746548931
None

MA (@,0,1) validation_metrics:
r2z -8.8738347159@679587 mse= GOSA4.58068822681 rmse= 246.85808395626187 mae= 207 .76272981143716
Hone

MA (@,@,2) validation_metrics:

r2= -2.87144923988376208
None

MA {(@,0,3) validation_setrics:
r2= -98.88506443583652423
None

ARIMA (1,1,1) validation_metrics:

r2= -8.8737196428809%253 68582.
HNone

ARIMA (2,1,2) validation_metrics:

r2= -8.87237481324123427 685e6.
None

ARIMA (3,1,3) validation_metrics:

r2= -@.07478657685084289 mse= GO642.86199@31325 rmse= 246,

mse= 6BL54.547@7395785 rmse= 245.87586395313423 mae= 207.37736224519284

mse= G1222.771339247236 rmse= 247.432357@9835372 mae= 218.20843564241755

mses €621927613 rmses= 246.13545496892823 mae= 207.B5212428005396

mie= 73751284797 rmse= 245.9B117388454314 mae= 287.32911891562846

257714580830152 207.91718355002058

naes

Fig. 8. Evaluation criteria values for MAE, MSE, RMSE, and R-squared.
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3.5| Result and Rolling Forecast

After implementation, validation, evaluation, and comparison of the results, the best time series forecasting
models were selected as shown in Fig. 6. In this section, using a rolling or moving window approach, the daily
production values for the SAIPA automotive group were forecast. To implement the rolling forecasting
approach, the model parameters were updated every 30 days over the last three months of the dataset. Fig. 9
shows the rolling forecasting method used in the research.

Table 6. Evaluation criteria values of the best forecasting model for the SAIPA
automotive group companies.

Saipa Pars Khodro Saipa Citroén

ARIMA ARIMAX  ARIMA SARIMAX ARIMA ARIMAX
MSE 84228.015  50939.139 45189.1578 11833.48 24852.285  5547.079
RMSE  290.220 225.667 672.231 108.782 157.649 97.709
MAE  257.60 147.098 449.285 69.5627 116.2545  61.217

Bonro Zamyad Saipa Diesel

AR ARIMAX AR ARIMAX - ARIMAX
MSE 15018.9059  5848.7371  7969.475 4749.805 13.9650 10.6592
RMSE  122.5576 76.4770 89.2719 68.9188 3.7369 3.2648
MAE  115.9825 49.706 79.6305 48.5793 2.4685 1.9755

Rolling Forecasting Approach

Best Model P Forecasted Values Until the End of the Yea

Production Values

First Update

Production Values
Second Update

November

Production Values

December
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%
W Actual Production Values for Model Training M Forecasted Values by the Model

Fig. 9. Rolling forecasting approach and updating parameters of the
best model in October, November, and December.

In Table 7, the mean absolute errors for the parameter update stages of the selected forecasting models are
presented. It is expected that by updating the parameters based on new data, the forecasting models' error
will decrease. However, this did not happen in the second update. This argument stems from an unexpected
production decrease in October, highlighting the importance of patterns and data analysis for accurate
forecasting. In Fig. 70, the forecasted production values for December for the update stages, the actual
production statistics in this period, and the better performance of the third update are shown.

Table 7. MAE values based on parameter update stages of selected forecasting models for SAIPA.

Performance Evaluation Metric  First Update Second Update Third Update
MAE for October 253.1745 - e

MAE for November 361.9097 366.9636 -

MAE for December 227.9702 255.3307 209.3926
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Fig. 10. Comparison of forecasted production values for update stages and
actual production statistics in December.

4| Conclusion

This study examined and forecasted production for the SAIPA automotive group using statistical time-series
models. The results indicate that the ARIMAX model is the best for forecasting daily production. This model
has provided more accurate forecasts by incorporating an exogenous variable (weekly production schedule).
However, to achieve accurate forecasting models, examining and controlling production based solely on
production trends, the ARIMA and AR models have performed better. The SARIMA and SARIMAX models,
which are typically used for seasonal data, performed pootly in this study. This result may be due to the lack
of strong seasonal patterns in daily production data. However, this result may change when examining
cumulative forecasts of weekly or monthly values.

Using the rolling forecasting approach only in the first and second stages has reduced errors and improved
forecast accuracy. It indicates that not only is the selection of an appropriate model and parameter
optimization crucial for achieving more accurate forecasts, but also the examination and analysis of data

patterns and unexpected trends are essential for achieving an optimal forecasting model.

Suggestions for future research include using more advanced models, such as artificial intelligence and
machine learning, and employing more complex models, such as neural networks and deep learning, for
production forecasting. Other practical applications of this research include developing software tools to
assist managers in decision-making based on production forecasts. These tools can help improve production
planning and inventory management. Given the results and suggestions, this research is expected to improve
production processes in the automotive industry and other similar industries and to pave the way for further
research in this field.
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